Background. Urine proteomics is one of the key emerging technologies to discover new biomarkers for renal disease, which may be used in the early diagnosis, prognosis and treatment of patients. In the present study, we validated surface-enhanced laser desorption/ionization time-of-flight mass spectrometry (SELDI-TOF MS) for biomarker discovery in patients with mild ischaemic kidney injury. Methods. We used first-morning mid-stream urine samples from healthy volunteers, and from intensive care unit patients we collected urine 12-24 h after coronary artery bypass graft (CABG) surgery. Samples of 50 volunteers were mixed to establish a reference sample (master pool). Urine samples were analysed with constant creatinine levels. Results. The average intra-and interchip variation was found to be in the normal experimental range (CV of 10 to 30%). Computational analysis revealed (i) low intra-individual day-to-day variation in individual healthy volunteers; (ii) high concordance between the master pool sample and individual samples. Machine learning techniques for classification of CABG condition vs healthy patients showed that (iii) in the 3-20 kDa range, the joint activity of four protein peaks effectively discriminated the two classes, (iv) in the 20-70 kDa range, a single m/z marker was sufficient to achieve perfect separation. Conclusions. Our results substantiate the effectiveness of Seldi-TOF MS-based computational analysis as a tool for discovering potential biomarkers in urine samples associated with early renal injury.
Introduction
The identification of easily measured and reliable disease biomarkers is an important goal in clinical nephrology. Focus is now shifting from methods that analyse one marker at a time to profiling methods, which allow the simultaneous measurement of a range of markers, i.e. biomarker patterns [1] [2] [3] . Urine proteomics techniques in particular allow the identification of relative abundance and post-translational modifications of proteins for biomarker discovery and signal pathway analysis in renal pathophysiology (as reviewed, e.g. [4] [5] [6] [7] [8] ).
Before the advent of proteomics, several urinary biomarkers were identified by classical biochemistry. Protein biomarkers demonstrated to be very useful in clinical assessment of renal pathology besides the determination of renal function through the analysis of glomerular filtration rate, renal blood flow and gene expression analysis to define relevant genes involved in nephropathy [9, 10] . In 1994, Rossi et al. [11] evaluated renal damage induced by ifosfamide/cisplatin using a sodium dodecyl sulphate polyacrylamide gel electrophoresis (SDS-PAGE)-based method and reported that an increased level of alpha-1-microglobulin (alpha-1-m) was an important indication for impaired tubular function [11] . In addition, measuring urinary beta-2-microglobulin (beta-2-m) excretion was found to be useful in the identification of patients with membranous nephropathy at risk for renal disease progression [12] . Now, surface-enhanced laser desorption/ionization time-of-flight mass spectrometry (Seldi-TOF MS) profiling provides protein chip-based technology for biomarker discovery [13, 14] . Preliminary Seldi-TOF exploratory studies in clinical urine samples with renal pathology revealed new candidate biomarkers. Recently, neuthrophil gelatinase associated lipocalin (NGAL) has been proposed as a marker for acute renal failure after ischaemia/reperfusion injury [15] , and cleaved urinary beta-2-m was identified as a potential marker for acute tubular injury in renal allografts [16] .
In a review paper, O'Riordan and Goligorsky [17] comment on the development of urine proteomics as a three-stage process. The first phase, the exploratory phase, is now nearly at the end. The next phase is the development of validated prototype test models for urine proteomic profiling of early kidney injury. In this study, we developed and validated such a prototype model to be useful in a third clinical trial phase for proteome-wide screening for renal ischaemic injury [18] . We developed a prototypic experimental approach wherein protein loading was based on constant creatinine levels to minimize variations due to differences in urine flow rate. A defined group of intensive care (IC) unit patients with expected mild kidney injury after ischaemia during coronary artery bypass graft (CABG) surgery was used as a test group and compared with healthy volunteers. We previously demonstrated mild, subclinical, renal damage in this group of patients [19] . A comprehensive statistical methodology was applied, with a focus on finding the most discriminative biomarkers for the disease condition. First, we applied univariate methods for a quantitative assessment of distinctive CABG biomarkers and classification power. Second, we used two explorative graphical display methods based on results of unsupervised multi-variate data analysis techniques, namely principal component analysis and hierarchical clustering analysis. These standard tools, widely available in commercial chemometric packages, allow quick and easy visual inspection of the underlying variance and clusters in the data set. Finally, we applied state-of-the-art supervised data analysis techniques, namely, feature selection and support vector machines (SVM), for substantiating the results of standard chemometric techniques and for identifying robust interrelated potential biomarkers, whose joint action provide improved discrimination of mild kidney injury after CABG surgery.
Subjects and methods

Sample collection of healthy volunteers and CABG patients
First-morning mid-stream urine samples were collected in 50 healthy volunteers after informed consent. The absence of protein, blood and leucocytes in these normal urine samples was checked with the Super Aution EXSA4250 and Uriflet S sticks (Menarini Diagnostics Benelux, Valkenswaard, The Netherlands). After 1 week, 20 out of 50 volunteers returned to donate a second sample for comparison. Freshly collected mid-stream urine samples were briefly centrifuged (10 min, 2000 g) and stored with protease inhibitors [20] in small aliquots at À808C to minimize freeze-thaw cycles. In 20 patients of the IC unit, urine was collected for 3-4 h through an indwelling catheter 12-20 h after CABG surgery. Included patients had no pre-existing renal insufficiency or post-operative renal failure, as monitored 7 days after surgery by creatinine serum levels.
Quantitative protein-assays for alpha-1-microglobulin and NGAL Alpha-1-m was measured with immunonephelometry in the Nephelometer Analyzer II (Dade Behring, Marburg, Germany) after incubating samples with polyclonal rabbit anti-human alpha-1-m (DakoCytomation, Clostrup, Denmark). NGAL concentrations in urine samples were determined with an NGAL ELISA kit (kindly provided by AntibodyShop A/S, Gentofte, Denmark), according to the supplier's instructions.
Sample preparation
A master pool reference sample of all healthy volunteers was prepared by mixing together 50 urine samples containing 0.2 mmol creatinine each. For assessment of the biological variation, 13 urine samples (8 male, 5 female) were thawed, vortexed and diluted with ultraPURE TM DNAse/RNAsefree distilled water (Invitrogen, Breda, the Netherlands) to obtain constant creatinine concentrations (2.0 mmol/l). Subsequently, 250 ml urine was 10-times concentrated and desalted with centrifugal ultra-filtration (45-60 min, 13 000 g, 3 kDa Microcon filters, Millipore, Billerica, USA).
Seldi-MS analysis: preparations and measurement
The preparation procedure was based on protocols from Ciphergen and reports on non-pathological extrinsic/intrinsic factors [21] [22] [23] [24] . For analysis, we used an 8-spot weak cationexchange chip (ProteinChip CM10; Ciphergen Biosystems, Fremont, CA). All spots were pre-treated two times with 200 ml binding buffer (0.1 M ammonium acetate, pH 4.0) for 5 min on a shaking platform (500 rpm) in a bioprocessor. After pre-treatment, 5 ml concentrated urine samples (100 nmol creatinine) were applied on the chip and incubated in the humid chamber for 30 min. Samples were removed with a pipette, and spots were washed three times for 5 min with binding buffer (6 ml). Spots were washed with distilled water and air dried for 10 min. Subsequently, 0.8 ml of a saturated solution of sinapinic acid in 0.5% (v/v) trifluoroacetic acid and 50% (v/v) acetonitrile, used as energy-absorbing matrix, was applied to each spot surface, allowed to air-dry, and reapplied. The chip was analysed in a PBS IIc Seldi mass spectrometer (Ciphergen Biosystems, Fremont, CA). Data were collected with standard operational settings, including starting laser intensity at 200, warming positions with two shots set at laser intensity 205, no warming shots included, high mass at 200 kDa, optimized from 1 kDa to 21 kDa in the low range and optimized from 20 kDa to 71 kDa in the middle range and detector sensitivity at 9. External mass calibration was performed with all-inone protein standard II proteins (Ciphergen Biosystems 
Computational data analysis and validation
Ciphergen Express software (version 3.2, Ciphergen Biosystems) was initially used for pre-processing the data, i.e. automatic peak detection after baseline subtraction and adjustment (S/N ratio > 5, cluster mass window 0.3% peak width, peak detection if present in 5% of all spectra). The program also allows basic statistical analysis, including hierarchical clustering, group scatter plots, P-values (t-test statistics) and receiver operating characteristic (ROC) curves. Group differences were tested for statistical significance by a non-parametric t-test (Mann-Whitney U-test). The area under the ROC curve provides a measure of robustness for each biomarker, with a value of 1, indicating a perfect biomarker. Throughout the text, feature, biomarker and peaks are used interchangeably and point to the detected m/z values.
Additionally, multivariate analysis was applied to the data set to identify groups of potential biomarkers and to construct computational models for classification of IC vs healthy patients. We performed principal components analysis (PCA), multivariate feature selection (RELIEF) and classification with linear SVM.
Hierarchical clustering and PCA. For explorative cluster-analysis, hierarchical clustering and PCA are routinely applied in chemometric applications. Hierarchical clustering by the between-group linkage method in a dendrogram graphically shows overall sample similarity based on a Pearson correlation matrix, scoring the 'overall' similarity of the profiles. With PCA the data set can be visualized by a cloud of points, where coordinates represent the sample 'scores' as a weighted combination of peak value intensities [25] [26] [27] . PCA reduces the large number of dimensions ('peak values') of a data set into a smaller number of dimensions in such a way that the variance of the data set is maximized in the first principal components (PC). PCA was performed on a mean-centred unscaled data set in Matlab version 6.0 (The MathWorks, Inc., Natick, MA).
RELIEF. RELIEF [28] was used for multivariate feature ranking, using weights associated to features (m/z values, peaks). The rationale behind this algorithm is that a relevant feature (peak) should differentiate between samples from different classes and has the same value for samples of the same class. The algorithm is widely used in machine learning application, because of its simplicity and easy interpretability. In the context of MS data analysis, RELIEF has shown to select reliable features when applied to a MALDI-TOF MS data set obtained by spiking samples [29] . Briefly, the algorithm computes a vector W of feature weights. The vector is initially equal to zero, and is iteratively updated by the following steps: select one sample x from the training set; find its nearest neighbour from the same (x_hit) and from the opposite (x_mis) class; update W by adding abs(x-x_mis) À abs(x-x_hit), where abs denotes the absolute value. At the end of this iterative procedure the values of W provide a measure of feature relevance, where large values correspond to features with a large difference between nearest examples of different classes and a small difference between nearest examples of the same class.
SVM. Linear SVM [30] was used for classification. In short, linear SVM for (binary) classification separates the samples of the two classes (here CABG patients vs healthy volunteers) in the training set by means of a linear decision boundary in such a way that the minimal distance of samples of opposite classes from the decision boundary (the margin) is maximized. Samples nearest to the decision boundary are called support vectors. SVM is considered the state-of-the-art classification technique and is particularly suitable in domain applications where the number of features is very high, like classification with high-throughput MS data sets [31, 32] .
Validation. Leave-one-out cross validation (loocv) was used to assess the predictive performance of the SVM classification model. In loocv, at each run all samples but one are used for constructing a model, and the left-out sample is used to test the model on new samples. To assess the reliability of the results using a notion of statistical significance, a permutation test [33] was used. Intuitively, the goal is to check whether the observed cross validation (cv) error of the SVM model is obtained by chance, only because the training algorithm identified some pattern in the highdimensional data that correlate with the class labels as an artefact of a small data set size [34] . To this aim, multiple runs of the cv procedure are performed with data labels permuted, and the distribution of the resulting cv errors is estimated and compared with the observed cv error on the original unpermuted data set.
Finally, in order to assess the reliability of the feature selection technique for classification, the observed cv error is compared with the estimated distribution of cv errors obtained when random feature selection is used. This is achieved by performing multiple runs of the cv procedure; where at each run, features are randomly selected. Note that these techniques are applied to detect over-fitting [32, 35] , but they do not provide a proof of reproducibility of results. A computational model is said to over-fit when its classification results degrade when the model is applied to new data. In this study, we analyse a data set of small size: dimensionality reduction and permutation tests are applied for preventing and detecting over-fitting, respectively. A more thorough validation of results could be achieved by using a larger data set and a test set preferably from another institution in order to detect bias introduced during the data generation process. However, full confidence on the reliability of results can only be achieved by experimental validation.
Protein identification
Two-dimensional gel electrophoresis was performed as described [36] . An amount of 30 ml urine sample was ultrafiltrated at 4600 g for 15 min through a 5000 NMWL filter (Centricon Plus-20; Millipore). Subsequently, the filter residue was centrifuged at 2000 g for 1 min to collect the ultrafiltrate, and speedvacced to concentrate the sample. An amount of 50 mg protein was loaded on an immobilized pH gradient (IPG) strip (pH 3-10; Immobiline Drystrips) for conventional isoelectric focusing and subsequent second dimension processing, as described [36] . After the second dimension, gels were stained with colloidal Coomassie as described elsewhere and scanned using an Amersham Biosciences Image Scanner. Interesting spots were picked and identified with Fourier Transform Ion Cyclotron Resonance Mass Spectrometry (nano LC-MS/MS) according to [37] . Proteins were identified via automated database searching (Matrix Science, London, UK) of tandem mass spectra against NCBInr database.
Results
Assessment of experimental methodology with the master pool sample
Healthy volunteers were instructed to follow a cleancatch mid-stream protocol. In line with previous reports [23] , we avoided well-known confounding external factors (blood contamination, first void urine). Blood contamination in CABG patients, possibly by catheterization, was avoided by collecting urine the morning after surgical intervention. Microscopy was employed to detect the presence of squamous epithelial cells and non-mid-stream urine was excluded. Urines with a protein concentration of more than 0.5 mg/ml were excluded as well, and the number of erythrocytes was counted with a Â20 objective and should not exceed 10 per microscopic field. After optimizing intrinsic experimental factors (energyabsorbing matrix, laser intensity, pH set to 4.0 for CM10 chips, urine dilution, storage at À808C), we evaluated the intra-and interchip variation with the master pool sample (Figure 1 ). We found variation coefficients between 13 and 34% with similar values in the range of 3-20 kDa and 20-70 kDa ( Table 1 ). The addition of protease inhibitors to the master pool resulted in less peptide fragments, as assessed by nanoliquid chromatography coupled Fourier Transform Ion Cyclotron Resonance Mass Spectrometry (data not shown). 
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Urine profiles by SELDI-TOF MS in individual urine samples and the master pool
The protein composition of the master pool sample is reflected in the m/z profile. Comparison of individual urine samples, collected with a 1-week time interval in three healthy volunteers revealed consistent coclustering ( Figure 2 ). Profiles of normal individuals revealed no overall clustering of samples in the same gender or age category, though m/z markers can be found for these categories (data not shown). A gel view of spectra of individual healthy subjects, the master pool and CABG patients shows a good agreement with the individual healthy subjects and the master pool and high concordance within the groups, with clearly more peaks appearing in urines of CABG patients ( Figure 3 ).
Univariate statistical analysis of urine profiles by SELDI-TOF MS in CABG patients
No evidence of acute renal insufficiency was found in these patients, in only one patient serum creatinine increased by >25% (Table 2 ). However, most CABG patients showed mild tubular injury, as indicated by elevated levels of alpha-1-m (n ¼ 19) and NGAL (n ¼ 7; Table 2 ). We selected three patients in the high and middle alfa-1-m excretion range, and two patients with normal alfa-1-m excretion for further analysis. We compared urine profiles of patients, normal individuals and the master pool with Ciphergen Express Software, and we performed a univariate t-test and ROC-analysis to interpret significance of biomarkers in CABG patients.
As shown in Table 3 , in the range of 3-20 kDa, 28 out of 70 automatically detected m/z values showed significantly different mean peak intensities in the patient samples as compared with normal samples (t-test, P < 0.01). A large proportion (22/28) was upregulated. At least four of these (m/z 4546, 4715, 11 732 and 11 925 kDa) proved very good biomarkers for the CABG-condition (area under the ROC curves >0.98). The 11 732 kDa peak showed a 7-fold increase in average peak intensity compared with controls and represents beta-2-m, a well-known marker of proximal tubular injury. The other peaks remain to be identified. In the range of 20-70 kDa, 28 out of 35 protein peaks were significantly different, all up-regulated in CABG patients. At least 10 of these peaks are also very good classifiers for the CABG-condition (area under the ROC curve >0.98). We observed m/z values, potentially corresponding with known biomarkers retinol 
Hierarchical clustering and principal component analysis
We applied two explorative data analysis methods, which allow visual inspection of clusters and underlying variance in the data set. In the range of 3-20 kDa, hierarchical cluster analysis almost perfectly discriminates CABG from healthy samples (Figure 4 ). The first and the second PC explained >70% of the variance in the data (explained variance: PC 1 ¼ 58%; PC 2 ¼ 16%; PC 3 ¼ 6%; PC 4 ¼ 5%; PC 5 ¼ 4%). With only minor variation in the normal healthy samples, the first component clearly represents the difference between healthy volunteers and IC patients ( Figure 5A ). Seldi-TOF spectra of CABG patients with high alpha-1-m values (patient numbers 8, 14, 22 and 34, Table 2 ) indeed cluster together ( Figure 4A ). An exception is CABG patient 24, with high alpha-1-m values, which does not cluster with these samples. The urine of this patient had a high salt content, which complicated the process of ultrafiltration. During salt precipitation, proteins may have precipitated as well. The variation explained in the second component is dominated by polarity in two clusters of m/z markers, distinguishing patients 13, 24 and 27 from the rest ( Figure 5B ). This polarity in CABG patients is also reflected in the branch split in hierarchical cluster analysis ( Figure 4A ). In the range of 2-70 kDa, the overall similarity of CABG patients, measured by hierarchical clustering of 35 peaks in the range of 20-70 kDa, tends to be less different from the normal samples than the profile in the lower range (compare Figure 4A Figure 6D ). The latter peak adds most weight towards CABG identification ('PC 1'). The variation within CABG patients (dominant in 'PC 2') is mainly explained by the albumin and RBP peaks.
Models for classification of CABG vs healthy condition
We applied machine learning techniques, SVM and RELIEF-based feature selection for constructing computational diagnostic models for the CABG condition. These techniques have been shown to be beneficial in analysis of high-throughput MS data sets [29, 32] . In the range of 3-20 kDa, perfect predictive performance (zero loocv error) was achieved by SVM with all the 70 peaks. Permutation test (1000 runs) of the class labels (CABG patients, controls, master pool) resulted in a P-value ¼ 0. This indicated that SVM performance is related to the structure of the data set and not to the complexity of the type of model. Application of SVM with four peaks selected by RELIEF achieved zero loocv error ( Figure 6A and B). Permutation tests (1000 runs) of class labels (P-value ¼ 0) and results of random feature selection (P-value ¼ 0.035) substantiated the relationship between the results and structure of the data. A high consensus of features selected over the loocv runs indicated the robustness of the selected m/z markers. In particular, m/z 4546 and 11 732 (beta-2-m) were selected at each of the 22 loocv runs, 8495, 8595 were almost always selected, and the remaining markers were 19 114, 5985, 9780 and 11 473. Figure 6B shows the selected m/z markers, indicated with arrows. In the 20-70 kDa range, SVM applied to all 35 peaks resulted in 1 loocv error (sample IC21). Permutation test of class labels (1000 runs) showed that SVM captures the structure present in the data set (P-value ¼ 0). Zero loocv error was obtained by SVM with single markers selected by RELIEF, for m/z values 20 900, 21 089 and 44 242. Random feature selection (1000 runs) achieved 0 loocv error in 35 out of 1000 selections, indicating significance of the selected peaks. SVM-based models constructed with more than one feature achieved slightly worse performance (1 loocv error, sample IC21). These results show that in the low molecular mass range, the combined action of interrelated m/z values provides improved separation of the CABG condition, while in the high molecular mass range each of the single selected m/z values is sufficient for the separation. This seems to indicate that for the type of data considered in this article multivariate feature selection for classification is especially beneficial for biomarker detection performed on a low molecular mass range.
Finally, we performed an additional study using two-dimensional gel electrophoresis and nano LC-MS/ MS to further identify potential biomarkers. After loading an equal amount of protein on the gel, a clear up-regulation in protein expression in patients after CABG was found as compared with the MP (Figure 7) . Subsequently, 27 abundantly present proteins were picked from the gel and identified using nano LC-MS/MS (Table 4) . Among these proteins were NGAL (lipocalin), alpha-2-glycoprotein and RBP.
Discussion
Several proteomic approaches are now applied in the search for disease biomarkers [38] . These techniques hold great promise, but care is needed for accurate data interpretation. We validated a standardized creatinine based Seldi-TOF MS analysis using a reference sample (master pool). In addition, we have applied the technique in a comparison between healthy controls and a test group of CABG patients, and have evaluated different computational methods. Based on the evidence presented in this study, we emphasize that a creatinine-corrected Seldi-TOF MS analysis of urine samples could potentially be useful for the discovery of new urinary biomarkers after early stage kidney injury. This has also been concluded from a recent study in children after cardiac surgery [39] and in acute renal transplant rejection [40] , although different biomarkers were detected in each study. This discrepancy may be due to variations in patient group studied, and also due to variations in urine collections and sample preparations. In nephrology, a SELDI-TOF MS-based spectrum test is not used for diagnostics so far, although in other clinical disciplines the proteomics technique has shown to be of great value. For example, it was recently shown that hepcidin can be determined quantitatively in urine using SELDI-TOF MS [41] , and this is now applied on a routine basis. Major advantages of using the technique for urine proteomics are that the method is rapid, reliable and suitable for high-throughput profiling of urine samples. On the other hand, the use of the technique is limited by the lack of possibilities of protein identification and biomarker verification.
Experimental validation and development of a creatinine-based Seldi-TOF MS analysis
As with all clinical samples, urine should be obtained in a uniform reproducible and representative manner for protein profiling. We designed a protocol to minimize protein degradation and to increase experimental reproducibility. We developed a standardized creatinine-corrected procedure in morning urine with acceptable reproducibility for semi-quantitative protein profiling (variation <30%) for biomarker lead finding. We optimized the instrumental settings and urine dilution mainly with weak cation-exchange chips to yield spectra with many high quality peaks (S/N > 5). The choice of energy-absorbing matrix (SPA) favours detection of more proteins in the higher m/z range (>20 000). Ultrafiltration was chosen as the sample preparation method for desalting and concentrating urine samples, which allows for versatile down-stream proteomics applications. This is in good agreement with optimal spot patterns obtained with 2D gel electrophoresis after urine ultrafiltration [42] . Creatinine-correction in this study adjusts for variation in urine flow. Other protein loading methods based on volume or based on total protein concentration (standard procedure in the literature) are biased by the variability in urine flow rate. Assessing the master pool sample: a high quality normal reference sample Profiling urines from healthy volunteers revealed a high concordance with the master pool. Hierarchical cluster analysis confirmed the master pool as a suitable reference for normal healthy volunteers of any sex and age. A reference master pool sample will facilitate and standardize comparison with pathological samples, especially in expensive and time-consuming techniques, like 2D differential gel electrophoresis. Furthermore, the biological inter-day variation was assessed. Cluster analysis showed overall minimal influence of inter-day fluctuations on urine profiling.
Profiling of CABG urine samples: a model for subclinical ischaemic kidney injury
We have selected patients without overt renal insufficiency. A previous study showed evidence of only subtle tubular injury in these patients as reflected by measurement of glutathione-S-transferases [19] . The protein pattern found in the present study early after CABG is no proof of tubular injury, however, the elevated levels of tubular injury markers are in support of mild renal damage. Alpha-1-m was increased in all but one patient sample and renal tubular injury is evident if levels exceed 20 mg/g creatinine. In this study, in CABG urine samples alpha-1-m levels ranged from 8 to 208 mg/g creatinine, indicating that tubular injury was absent to severe. Furthermore, the CABGsamples measured here have significantly elevated levels of the recently established ischaemia biomarker, NGAL, for which a level exceeding 10 ng/g creatinine may reflect acute renal failure [15] .
Computational diagnostics and biomarker discovery in CABG patients
The Seldi-TOF MS technique proved very sensitive in detecting changes in the urinary proteome profile of CABG patients. Univariate and multivariate techniques revealed the presence of potential markers for CABG.
Univariate analysis indicated significant difference between Seldi-TOF protein profiles of IC unit patients after CABG surgery and healthy controls, primarily by an overall increase of proteins. Renal injury markers likely dominate the CABG profiles in the present study. Peaks in the Seldi-TOF profiles at m/z 11 732, 20 900, representing beta-2-m and RBP, respectively, indicate the presence of renal tubular damage [43, 44] . Furthermore, the prominent m/z marker 8595, a robust classifier for the CABG condition, may represent ubiquitin. Ubiquitinated proteins are especially present in exosomes, which are vesicles present in urine that are secreted by kidney cells [45] , and indicate enhanced degradation processes.
PCA revealed multiple subclasses of the CABG condition, primarily based on the variation in 10 potential biomarkers. Half of the CABG patients (IC8, 14, 34, 22) consistently co-clustered in the CABG spectrum over the whole m/z range. The other half revealed a less typical spectrum and tends to have a more normal profile. IC24 and IC27 showed a clear CABG signature in the high kDa range, but showed a more normal expression pattern in the low range. IC13 and IC21 were close to normal in the range of 20-70 kDa. In the low range, also IC21 was not different from samples of healthy volunteers, explaining why this patient sample is the most difficult to classify with supervised machine learning techniques.
SVM and RELIEF were applied to substantiate and enrich the results obtained by standard chemo-informatics techniques, in particular, for identifying groups of interrelated potential biomarkers whose joint activity provides a stronger degree of separation of the CAGB condition. In the range of 3-20 kDa, the joint effect of more peaks turned out to improve predictive performance. Especially linear discriminant models with four peaks achieved zero loocv error. In the range of 20-70 kDa, three single peaks achieved Cystatin; Transferrin; Alpha-amylase Fig. 7 . Proteome map of the masterpool (A) and three CABG patients (24, 8 and 14 ; B-D, respectively). The proteins were separated by 2D-PAGE based on their differential pH value for the isoelectric point (pI; x-axis) and molecular weights (y-axis). The protein spots were excised and underwent in-gel tryptic digestion followed by nano LC-MS/MS. Arrows point to the most abundant differences between the masterpool and patient samples. Number labelling in the figure corresponds to the numbers in Table 4 .
improved predictive performance. These results seem to indicate that univariate and multivariate techniques yield equivalent performance results when applied to high molecular mass data, while multivariate techniques improve separation when applied to small molecular mass data by means of models based on a panel of peaks [44] . However, we stress that the results reported here are based on the analysis of a small data set, and no validation on an external test set has been performed. Hence, accuracy results are possibly an optimistic estimate of the true discriminatory power of the detected protein signatures.
In conclusion, results of the computational analysis by means of multiple techniques indicate the high potential of urine samples processed by Seldi-TOF MS for identifying proteomic signatures of CABG. The detection of a number of well-known biomarkers relevant for the CABG condition shows that the experimental protocol used in this study generates reliable results, substantiated by computational analysis.
Perspectives
Based on the evidence presented in this study, we emphasize that a creatinine-corrected Seldi-TOF MS analysis of urine samples could potentially be useful for the discovery of new urinary biomarkers after earlystage kidney injury. Our method results in representative protein patterns. Further study is needed to identify and validate candidate biomarkers (e.g. the robust CABG biomarker m/z 4546) and to assess the reliability of the other markers here identified, in particular m/z 21 089 and 44 242.
The reproducibility can be improved by automation and uniform sample treatment. Further statistical and biological validation on larger data sets can fine-tune the relationship of CABG biomarkers with ischaemia, dissecting renal vs cardiovascular ischaemic damage, and document influences of pre-surgical ischaemic conditions or pharmacotherapy. We expect our prototypic tool to prove valuable for defining characteristic sets of proteins that are differentially expressed in different types of renal injury (e.g. ischaemic and toxic renal injury) and to assist in the diagnosis, and thereby prognosis of patients suffering from renal damage.
